Comparative analyses of spectrum and pitch modeling by HMMs
applied to a Brazilian Portuguese TTS
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Abstract: - This work presents a Brazilian Portuguese TTS based on HMM modeling of spectrum
and pitch. A major advantage of HMM-based T'TS systems is the possibility of fast speaker adap-
tation. During the HMM training, mel-cepstral coefficients are used to represent the vocal tract
and pitch information is obtained through the autocorrelation method. Comparative analysis show
the effectiveness of the proposed HMM-based TTS, as well as the impact of HMM modeling for

spectrum and pitch.
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1 Introduction

Text-to-speech (TTS) synthesis is an area which
has been facing growing interests in the research
and commercial levels. The main target of re-
searchers is to increase the naturalness through
a better understanding and modeling of prosody
features.

Recently, TTS systems based on hidden
Markov model (HMM) have been introduced [1,
2]. The usage of HMM to model the spectrum
offers an important advantage so-called speaker
adaptation. It has been shown that only ten
sentences are sufficient to adapt HMMs from
one speaker to another [3].

In this work, HMMs are used to model not
only spectrum but also pitch information. To
generate the present HMM TTS for the Brazil-
ian Portuguese language, a group of 200 pho-
netically balanced sentences was recorded and
processed. Mel-cepstral coefficients which can
represent speech spectrum were extracted [4],
pitch information was obtained through the au-
tocorrelation method, and HMM state dura-
tions were determined from the transition ma-
trices for each model. Experiments have been
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undertaken in such a way that the effect of using
HMM to model spectrum and pitch, separately
and combined, could be examined.

This paper is organized as follows. In Sec-
tion 2, a detailed description of the proposed
HMM TTS is introduced; Section 3 shows ex-
periment results; and conclusions are presented
in Section 4.

2 The TTS synthesizer

Figure 1 illustrates the HMM TTS synthesis
procedure. First, the text to be synthesized is
transcribed by a context dependent phone level
transcription software [5, 6]. It can be noticed
that a trained HMM database is the main re-
quirement from which speech can be produced.
In the following, each part of the proposed TTS
is described separately.

2.1 Database HMMs

2.1.1 Spectrum and pitch models

To train the HMMs, we used a speech database
composed of 200 phonetically balanced unla-
beled utterances from one speaker. Speech was
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Figure 1: Tllustration of the synthesis procedure for
the proposed TTS.

sampled at 16 kHz.

For each utterance on the speech database,
mel-cepstral coefficients and pitch were obtained
using 25 ms Hamming windows with 5 ms shifts.
These parameters were used to train 5-state
left-to-right HMMs with no skips. For pitch
modeling, the feature vector was composed of
one single coefficient while for the spectrum mod-
eling 25 coefficients were used (including the 0"
order one).

In our general purpose TTS we use the flat-
start initialization. In the training procedure a
global mean and variance is calculated and set
all the Gaussian distributions for every mono-
phone HMM, then the Baum-Welch embedded
training re-estimation algorithm was performed.
After that, monophones HMM were cloned, gen-
erating, in this way, HMM triphones. The new
models were re-estimated with the embedded
training.

Also, we perform the bootstrap initializa-
tion of some sentences separately, since we want
to know the HMM TTS upper quality limit of
spectrum and pitch modeling under our con-
straints.

2.1.2 Spectrum and pitch extraction

Speech spectrum H(e/") can be obtained from

M 4+ 1 mel-cepstral coefficients {cog,...,cm}
through [4]
M
H(z) =exp ) cmz ™, (1)
m=0
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The phase is modeled by the factor «. For a
sampling rate of 16kHz, the choice o = 0.42
gives a good approximation to the mel frequency
scale. Since the transfer function H(z) can be
written as

H(z) =K. D(z), (3)

where K is a constant, the mel-cepstral coeffi-
cients are calculated by

e = minp, E[e?(n)], (4)

where e(n) is the output of the inverse filter
ﬁ when the input is a single pulse. For the
present T'TS, we use M = 24.

The pitch analysis is performed using the
biased autocorrelation method, where the pitch
lag value is T = 20,...,160 which maximizes

the autocorrelation (1), given by

with s(n) being the windowed input speech frame
and N its related window length.

2.1.3 State duration estimation

The state durations can be estimated from the
models according to [7]
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where dg; and aq; ¢; are the estimated duration
and the diagonal transition matrix element, re-
spectively, for the state ¢; from a given HMM
model.



2.2 HMM sentence generation
2.2.1 Parameter Generation

From an HMM A, with a given state sequence
Q = {q1,492,...,9T1}, the output observation
vector sequence O = {07,03,03,...,07} Is ex-
tracted in such a way that [8, 9]
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is maximized when the speech parameter vec-
tor sequence O = {07,...,07} is equal to the
mean vectors, i.e.,
ajzﬁq,-» ]SJSTv (8)
where [iq; and Ug; are the mean vector and
the covariance matrix, respectively, for the state
qj, and M’ represents the length of the mean
vector. Spectrum models use M’ = 25 while
pitch models use M’ = 1 for the present TTS.

2.2.2 Parameter sequences

Since only the static parameters of the mel-
cepstral coefficients and pitch are considered,
the parameter sequences will be formed by con-
catenating the mean vectors [iq; of every state
d; in each HMM that belongs to the HMM se-
quence. Therefore, in the end of this process
one mel-cepstral sequence
C = {¢1,...,C1} and another pitch sequence
P = {Py,...,Py} are generated. Each compo-
nent from each sequence (vector for mel-cepstral
coefficients, and scalar for pitch) is repeated dg;
times, for a given state g; of the referred HMM.

vector

2.3 Speech Synthesis from HMMs

The process of synthesizing speech consists on
using the parameters generated from the HMM
sentence as the input for the MLSA (Mel Log
Spectrum Approximation) filter. The MLSA
inputs mel-cepstral coefficients and pitch infor-
mation and outputs the synthesized speech [4].

3 Experiments

In this section, five database utterances are an-
alyzed with respect to pitch, spectrum and du-
ration. The comparative tests can be used to
define which characteristics of the speech syn-
thesizer can degrade at most the overall intelli-
gibility or naturalness.

3.1 Mode descriptions

Each one of the five sentences was synthesized
by the proposed T'TS according to seven differ-
ent modes, namely:

e Mode 1 - original pitch, spectrum and du-
rations;

e Mode 2 - synthesized spectrum with orig-
inal pitch and durations;

e Mode 3 - synthesized spectrum and pitch
with original durations;

e Mode 4 - synthesized spectrum and dura-
tions with original pitch;

e Mode 5 - synthesized pitch with original
spectrum and durations;

e Mode 6 - synthesized pitch and durations
with original spectrum;

e Mode 7 - synthesized spectrum, pitch and
durations.

Table 1 shows an overview of these seven modes.
It is important to observe that all the combina-
tions among pitch, duration and spectrum were
tested, except for original pitch and spectrum
with synthesized duration, which does not make
sense, since the original pitch and spectrum al-
ready include state duration informations.

The original state durations of those five
sentences, which are segmented and labeled, was
obtained after the HMM training of each of
them separately, by the Viterbi algorithm. Orig-
inal spectrum and pitch were generated through
mel-cepstral analysis and autocorrelation, re-
spectively.



Table 1: Systematic view of the tests, where 'O’
means original and ’S’ synthesized.

Spectrum | Pitch | State Duration

Mode || S ‘ O S ‘ O1]S ‘ O

1 X X X

2 X X X

3 X X X

4 X X | X

5 X X X

6 X X X

7 X X X

160
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Mdes: 6,7
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Figure 2: Pitch patterns according to the different
modes: (a)Modes: 1,2,4; (b)Modes: 3,5; (c¢)Modes:
6,7.

3.2 Graphical Analysis

Figure 2 and Figure 3 refers to two different
utterances from our speech database. The for-
mer figure refers to the Portuguese utterance:
70O analfabetismo é a vergonha do pais” which
means “The illiteracy is the shame of the coun-
try”, while the latter refers to: ”Os maiores
picos da Terra ficam de baixo d’dgua” which
means “The highest mountains in the world are
submerged.”

Through the analysis of Figure 3(a) it can
be noticed that with the original state duration
the main acoustic events are synchronized, dif-
ferent from Figure 3(c), where duration models

are estimated. Since Figure 3(b) is more similar
to Figure 3(a) than Figure 3(c), we expect that
Mode 2 will give better results than Mode 4.
Evaluating Figure 2 we obtain a similar conclu-
sion. Consequently, it is expected that Mode 5
gives better results than Mode 6.

3.3 Subjective Tests

A listening test was performed with 18 listen-
ers. They gave their respective scores ranging
from 0 to 5 concerning the quality degree for
each one of the five sentences, where the ref-
erence corresponded to those sentences synthe-
sized according to Mode 1. For this case, all
the synthetic sentences were considered to have
score 5. Table 2 shows the results obtained by
this test. It can be noticed that these results
are in accordance with the graphics analysis in
Section 3.2.

Table 2: Results for the test where 18 listeners
gave scores ranging from 0 to 5, related to the
quality of the synthetic speech (Mode 1 = 5).

| Mode | Average score | (%) |

1 5.0 100.0
2 3.63 72.66
3 277 55.52
4 1.67 33.47
5 3.67 73.45
6 2,74 54.78
7 1.62 32.40

Analyzing modes 2 and 5, we can observe
that both, spectrum and pitch information, have
a similar impact on the quality of the T'TS sys-
tem.

According to modes 3 and 6, we can infer
the difference between synthesizing spectrum
and pitch with original duration, or modeling
pitch and duration with original spectrum is im-
perceptible.

Even though mode 4, as modes 3 and 6,
have two quantities synthesized and one origi-
nal, it a lower score. We verified that the rea-
son for this fact is that the duration model-
ing caused a mismatch between spectrum and
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Figure 3: Running log spectrum of the mel-cepstral coefficients according to different modes: (a)Modes:

1,5,6; (b)Modes: 2,3; (c)Modes: 4,7.

pitch. The referred mismatch also caused the
equal impact observed with modes 4 and 7.

4 Conclusions

In this work a Brazilian Portuguese T'T'S based
on modeling of spectrum and pitch using HMMs
is introduced. Since HMM is used to model
the spectrum, speaker adaptation can be easily
achieved. Experiments shows the effect of mod-
eling pitch and spectrum using HMMs. Rule-
based models for pitch and duration and com-
parison with the statistical models introduced
in this work are subject of present research.
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